Purpose Apart from obesity-related health care costs in South Africa, obesity is also seen to have far-reaching effects that seep into labour market outcomes. Using National Income Dynamics Survey (NIDS) panel data, this study aims to examine the relationship between body mass index (BMI) and employment status as well as wage levels of individuals to identify the optimal level of BMI from the labour market perspective in South Africa. Thereafter, the article uses ethnicity-backed obesity thresholds to measure the discrimination obese individuals face on the probability of becoming employed and their wages earned once employed. Methods The econometric analysis uses the OLS probit and tobit regression models as the starting point for analysis. However due to issues of reverse causality, the analysis thereafter utilises a system GMM model to take endogeneity into account. A further Blinder-Oaxaca decomposition technique is used to derive the discrimination component in the system GMM regressions for obese and non-obese individuals. Finallly, gender-specific analysis is undertaken to investigate whether obesity-related discrimination differs between males and females. Results The relationship between BMI and employment probability/wages is seen to be non-linear with increases in BMI leading to an increase in the probability of employment and wages up to a threshold beyond which this relationship becomes negative. Based on the system GMM estimation, the optimal BMI for employment probability and wage determination is identified as 30 and 27 respectively. Blinder-Oaxaca estimates show that 90% of the gap in employment status is accounted for by obesity-related discrimination. With regard to wages, obesity leads to a discrimination of 186%. Gen1der-specific Oaxaca analysis found that obese females face discrimination in employment probability of 109% compared to a negative discrimination of −184% for obese males. In determining wages, employed obese females face discrimination of around 73% whereas the discrimination endured by employed obese males is half of this, at 35%. Conclusion Our findings reiterate that increasingly obesity has adverse labour market implications. Obesity-based discrimination exists in South Africa and is predominantly faced by obese women entering the workplace and continues in the wage determination of both men and women.
Introduction
Obesity has been on the rise in Africa and there is increasing evidence of its association with co-morbidities on the continent (Adeboye et al. 2012) . According to studies, close to 40% of South African women are obese or overweight (Department of Health 2015) . Obesity not only markedly increases the rate of morbidity and mortality, but imposes a growing financial burden on individuals as well as the State (Fairbrother 2009).
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Reports show that severe obesity is associated with a 23% increase in the use of health care (Tugendhaft and Hofman 2014) . It is with this in mind that the South African government is proposing the introduction of a sugar tax to aid in reducing diseases that strain the health care system (National Treasury 2016) .
Obesity also has an impact at an individual level through the labour market impact. The impact of obesity on employment status and wages can be a result of not only reduced productive capacity due sickness, ill health, lack of fitness to perform duties successfully and failure to pass medical standards (Barnett and Kumar 2009), but also of employer prejudice and stereotyping (Harkonen et al. 2011) . Several studies have been done on the impact of obesity on employment but the evidence has been mixed across countries and socioeconomic groups. Cawley (2004) , Morris (2007) , Johansson et al. (2009 ), Lindeboom and Lundborgc 2010 and Some et al. 2016 report evidence of a negative relationship between employment probability and obesity, with the relationship being stronger for females. On the other hand, Garcia and QuintanaDomeque (2006) and Cawley et al. (2009) do not find any significant relationship. Asgeirsdottir (2011) cements the diversity in findings by noting that the relationship between these variables depends on the racial composition of the population as well as the different political circumstances of a country.
Research that identifies the relationship between these variables has not been extensive in South Africa. Some et al. (2016) , who replicated a study done in England by Morris (2007) using Wave 1 of the National Income Dynamics Study, is the only study in the South African context. Although the paper finds obesity to significantly reduce the probability of being employed in South Africa using a probit analysis, it does not attempt to analyse the impact of obesity on wage levels among the employed. Furthermore, the study does not quantify the discrimination against the obese. Also, the study does not take ethnicity-based obesity classification or the persistent nature of labour market characteristics into account. Although the paper does consider the issue of endogeneity, it does so by the use of external instruments, which may pose potential problems as discussed in the next section.
This article addresses the concerns raised against Some et al. 2016 by first taking ethnicity into account in determining obesity clas sification. Second, it takes endogeneity into account by exploiting the use of panel data without the use of external instrument variables. Third, using a dynamic panel estimation the study takes into account the persistent nature of labour markets. Last and most importantly, this article analyses whether obesity is a potential source of socio-economic discrimination that South Africans face in the labour market. Furthermore, discrimination for males and females is separately quantified to gain insights into the gender dimension of the issue.
Although increasing levels of obesity in South Africa are acknowledged and fiscal measures are in the pipeline to address the issue (National Treasury 2016), the impact of obesity at an individual level on the labour markets in South Africa has not received sufficient attention. The need for a South Africa-specific study is pertinent given the limited external validity of other studies as the cultural context is different in South Africa as highlighted by Wittenberg (2011) . The contribution of the study is not limited to being South Africaspecific alone. As far as the authors are aware, no study in the international context has been undertaken within the superior system GMM framework that accounts for endogeniety in an effective way. Moreover, international studies thus far have failed to take into account race-specific thresholds in defining obesity, endogeneity and Blinder-Oaxaca decomposition within a single framework.
The findings of the study yield a consistent non-linear relationship between body mass index (BMI) and employment probability as well as wages. While initial increases in BMI lead to an increase in the probability of employment and wages, sustained increases turn this relationship negative. The study identifies BMIs of 30 and 27 as those that maximise the probability of employment and maximise wages respectively, ceteris paribus. While substantial discrimination is observed against the obese in relation to both employment status as well as wages, discrimination is noted to be higher with regard to determining wage levels. A gender-wise analysis shows that obese women face greater discrimination compared to obese males.
The rest of the paper proceeds as follows: Section 2 will review the existing literature, Sect. 3 considers the theoretical determinants and hypothesised relations. Section 4 looks at the descriptive statistics and Sect. 5 presents the methodology. Section 6 examines the relationship between obesity and labour market outcomes using multivariate regressions. Section 7 analyses the discrimination faced by the obese in the labour market using the Blinder-Oaxaca approach. The analysis is further broken down at the level of gender for both employment status and wages. Conclusions is Sect. 7.
Literature review
Numerous studies have realised the worldwide growing concern about obesity within their respective regions and acknowledge its potential impact on the labour market (Barnett and Kumar 2009 Harkonen et al. 2011; Asgeirsdottir 2011) . Sargent and Blanchflower (1994) studied the effect of obesity on employment of young adults in Britain, using ordinary least squares, and found significant results for females but insignificant results for males. Harper (2000) , using a logit model, also found insignificant results for males. Both papers defined obesity as body mass index (BMI) restricted to respective percentiles of the sample distribution. The results were significant however when Sarlio-Lahteenkorva and Lahelma (1999) used a logit model and defined obesity as a BMI of greater than 30 kg/m 2 . However, none of the above papers addressed the issue of the endogeneity between obesity and employment.
Endogeneity could be present through reverse causality between employment and obesity. While obesity may cause unemployment due to discrimination by the employer or decreased work capacity as a result of debilitating obesityrelated health conditions, unemployment may also cause obesity because unemployed individuals are more likely to consume less expensive, more fattening food as a result of lower earnings. Baum and Ford (2004) used variants of differenced regressions to control for endogeneity and showed that obesity decreases wages more significantly for females. An investigation of the Swedish labour market done by Dackleburg et al. 2014 revealed the opposite. Individual fixed-effects results showed that there is a significant obesity wage penalty for men but not for women. Although these results contest the findings of the majority of the literature, they are linked to and influenced by the diverse demographics across all countries as stated by Asgeirsdottir (2011).
Morris (2007) used a bivariate probit model to investigate the impact of obesity on employment to account for endogeneity. The study instruments obesity using obesity incidence within the area in which the respondent resides. This is a peer group effect, which is a result of local population activity and social norms. The finding is that, in England, obesity has a negative and significant impact on employment for both males and females. Morris (2007) notes that endogeneity affects the estimates for women but not for men. The first major limitation to solving endogeneity using the instrument variable approach is in finding the suitable instruments. Using instrument variables to account for endogeneity, Greve (2008) found a negative effect of BMI on employment for women and an inverted U-shaped effect for men in the private sector in Denmark, whereas results from the public sector show that BMI has no influence on wages for either men or women. Furthermore, Wittenberg (2011) shows that within South African black households, a heavier weight is preferred and unemployed individuals tend to be lighter than those employed. External validity of studies may hence be questionable in different cultural contexts. Some et al. 2016 replicated Morris' (2007 paper using the same econometric model for South Africa using three instrument variables: the degree of physical activity, the obesity status of the respondent's head of household and past diagnosis of an obesity-associated illness. The suitability of these instruments is questionable as it is possible that the degree of physical activity is related to employment and income levels, i.e. costly gym membership/ low-income earners may walk more. Additionally, the obesity status of the head of household could affect individuals through peer effects examined by Morris and/or biological transmission, which is unrelated to employment. Cawley et al. (2009) use the weight of a family member as an instrument variable. However, research has shown that approximately 50% of the variation in BMI is a result of nongenetic factors such as an individuals' environment and their choices. Therefore, the variable may not be entirely exogenous (Cawley 2004) . Furthermore, diseases such as high or low blood pressure, heart problems, diabetes or stroke are highly correlated with obesity and may to some extent be correlated to employment.
Endogeneity can also be taken into account using a dynamic generalised method of moments (GMM) model. This method demands panel data, but the advantage of this method is that the use of autoregressive wage equations eliminates the omitted variable bias as well as individual fixed effects. Pinkston (2015) used the differenced GMM modelled by Holtz-Eakin et al. 1988 and Arellano and Bond (1991) to conduct his analysis on US youth. He considered the effect of BMI on wages in the years following labour market entry. Pinkston's (2015) results show that obesity in women negatively affects their wages. However, according to Roodman (2009) the lagged dependent variable in the difference GMM is still potentially endogenous and any predetermined explanatory variables that are not strictly exogenous become potentially endogenous. The Arellano-Bover/Blundell-Bond estimator, known as System GMM, augments the ArellanoBond difference GMM estimation by including data in levels and making an additional assumption that first differences of instrument variables are uncorrelated with the fixed effects (Kollamparambil and Razak 2016) . The set-up of their estimator implies that the fixed effects are eliminated using first differences and an instrumental variable estimation of the differenced equation is performed. This study uses the onestep system GMM estimator addressing endogeneity more effectively.
Aside from endogeniety, another difficulty in empirical research comes in the form of measuring obesity. This will be discussed in detail in the methodology section. However, Wittenberg (2011) provides evidence that the use of BMI as a measure is legitimised in South Africa and can be used as an indicator. Literature on taking ethnicity into account when classifying individuals as obese is lacking. Furthermore, Cawley (2004) rejected the hypothesis that all races are equal. His findings suggest that Hispanic and Black females experienced smaller penalties than White females.
Various studies argue that BMI is a flawed measure of obesity. However, the World Health Organisation outlines BMI as an adequate measure that "defines obesity and the associated risk to the development of health consequences" (Some et al. 2016) . One argument against the use of this measure is that the variance in "fatness" is not taken into account. For example, a muscular individual may be classified as "obese". A further implication is that ethnicity is not taken into account when using the standard obesity threshold. Widespread research confirms that ethnicity and population group differences result in varied optimal obesity cut-off points [National Institute for Health and Clinical Excellence (NICE) 2013].
In an attempt to define ethnic-specific obesity cut-offs for diabetes risk, academics in Glasgow examined data on more than 490,000 participants of the UK Biobank. Since diabetes is strongly correlated with obesity, these measures are used as thresholds (Table 1 ). Since the race group "Coloured" has no classification, the guideline measure of 30 kg/m 2 is used. This article addresses the issues highlighted in the literature survey by using ethnicity-specific obesity thresholds as given by Ntuk et al. 2014 to capture the impact of obesity in labour market outcomes as well as to fill a vacuum in the literature by quantifying the discrimination of obese persons while taking endogeneity into account. This method of measuring wage discrimination due to obesity has not been applied in a South African context. Literature has used this method to provide evidence that there is a wage gap between genders (Oaxaca 1973) or that there are racial disparities between obese and non-obese persons (Sen 2014) ; however the two have not been married.
Theoretical determinants
Theory indicates that the relationship between BMI and employment status is that increases in BMI will increase the probability of an individual getting employed (as an individual becomes healthier) but these increases in BMI will eventually lead to a decrease in the probability of employment as the individual tends to become overweight and obese, leading to employer prejudice or a perceived lack of productive ability (Morris 2007 & Some et al. 2016 . Hence, the need to consider the non-linear relationship between BMI and labour market outcomes. According to Dasgupta and Ray (1986) , increased food consumption of possibly underweight/malnourished individuals increases their work capacity at an increasing rate. However, this is followed by diminishing returns and ultimately negative returns as consumption increases and the individual's BMI continues to grow. The natural limits imposed by the human body restrict the conversion of additional nutrition into a forever-increasing work capacity. It thus follows that obesity restricts working capacity.
The inclusion of the other chosen covariates is supported by the literature: Some et al. (2016) , Harkonen et al. 2011 , Morris (2007 and Cawley et al. 2009 ). Their hypothesised coefficient signs are discussed below.
Age and its square (age 2 ) are widely used in labour marketrelated literature. It is expected that increases in age will increase employment probability and wages up until a certain point where this relationship turns negative. This is because older individuals may be less attractive to employers. Additionally, the level of education is a general determinant. The higher one's education, the higher their associated productivity and skill are. The expectation is that more educated individuals are more likely to become employed and earn a higher wage.
Gender-based labour market discrimination is widely accepted as a reality in the South African labour markets (Kollamparambil and Razak 2016) . It is expected that females are less likely to be employed because of discrimination and more likely to earn lower wages. It is further expected that obese females will have greater negative coefficients compared to males and therefore face discrimination (Cawley 2004; Morris 2007; Johansson et al. 2009; Lindeboom and Lundborgc 2010; Some et al. 2016) .
The inclusion of family-orientated variables such as marital status, household size and household income is warranted because married individuals are more likely to put greater effort into finding a job (maintaining a job) therefore increasing their probability of employment (wages). All income has been adjusted for inflation.
Self-perceived health status is included; it is expected that those that rate themselves as less healthy are less likely to get employed and more likely to earn lower wages. Based on Harkonen et al. 2011 this variable is assumed to have significant predictive power.
Further, the geography type of individuals is included. It is expected that those that live in urban areas are more likely to get employed and earn higher wages; this is due to the distant nature of rural areas and the concentration of job availability in urban areas (Baum and Ford 2004; Villar et al. 2011 ).
Data and variables
The data used in this analysis come from the National Income Dynamics Survey (NIDS), which is administrated by the Southern Africa Labour and Development Research Unit (SALDRU). It is the first national panel study in South Africa encompassing over 28,000 individuals in approximately 7300 households. All four waves of the data will be used dating from 2008 to 2015. Panel weights are assigned to observations to take into account attrition bias and survey design bias. The sample size excluding pregnant women, those who were self-employed, economically inactive and not of working age (beyond the bounds of 15-65 years) and who were missing data is 4243 individuals per wave. Data for nonresponse on weight and height has a small effect as BMI appears to approximate a normal distribution (appendix A). For the purpose of this study, BMI is calculated as the person's weight in kilograms divided by the square of height in metres based on NIDS data. An obese individual is identified based on race-specific thresholds given in Table 1 .
The covariates used are as discussed in the theoretical determinants section and include: age (Age), BMI (BMI), gender (Gender), race (White is taken as the benchmark and other categories included are African, Coloured, Indian/Asian), household size (hhsize), log of household income (lnhhincome), self-perceived level of health (perchealth), urban (urban), education in years (eduyears) and marital status (Marital Status); their expected coefficients have been discussed. Self-perceived level of health ranges from 1 to 5, where 1 is excellent and 5 is poor. Urban takes on the value 1 if the respondent lives in an urban area and 0 if the respondent lives in a rural area; these classifications were taken from the 2011 General Census Survey. Gender is a dummy variable, 1 if the respondent is a male and 0 if the respondent is a female. The dependent variables are employment status (employdummy taking the value 1 if employed and 0 otherwise) and log of wage levels (lnfwag).
Methodology
The benchmark models employed are ordinary least squares regressions to estimate the impact of obesity on the employment probability and wage determination. These liner estimations treat the relationship between BMI on the one hand and the probability of employment as well as wage levels on the other as exogenous. Next we use non-linear estimations using probit and tobit regressions, retaining the assumption of exogeneity but accounting for the panel nature of the data set. Progress is made to a dynamic GMM to account for endogeneity and reduce specification bias by including the autoregressive term. Further, the quantification of discrimination against the obese is undertaken using the Blinder- Oaxaca (1973) decomposition. Finally, the decomposition analysis is extended to gender-specific analysis of obesity-related discrimination.
Probit model
This model estimates the probability of the respondents' employment status. This model assumes that obesity is independent of employment. Thus, there is no endogeneity. The dependent variable Employed is the respondent's employment status. The broad measure of unemployment was used to create the variable. A value of 1 indicates that the individual is employed, and 0 if otherwise. Probability of employment will be based on the following equations (Woolridge 2002):
Employed ¼ 1 if Employed
Here, BMI is the respondents respective BMI and X is a set of factors affecting employment. All covariates were mentioned in Sect. 3.
The probability that an individual is employed is calculated using integral calculus where Φ is the normal density function (Woolridge 2002).
The marginal effects for both probit models are evaluated relative to the sample means of the other regressors. The average marginal effect is thus computed as (Some et al. 2016) :
Tobit model
The dependent variable is the log of wages. Those without wages are allocated the value zero and given the limited dependent variable we consider the tobit regression as appropriate. The independent regressors (X i ) are similar to those above.
where i is the individual and t is the time, t = 1,2,3,4. u i captures the unobservable effect of time-invariant factors and ε it captures the stochastic disturbances of the model.
System GMM
A dynamic system GMM that determines the effect of obesity on employment status and wages that take endogeneity into account follows. This model is an augmentation of Arellano and Bover (1995) that was fully modelled by Blundell and Bond (1998) (Roodman 2009 ). The model is treated as a system of equations by their respective time periods, which differ in their instrument variable compilation. Lags and strictly exogenous variables are used to instrument predetermined and endogenous variables, which are placed in an internal instrument matrix (Roodman 2009 ). The advantage of using dynamic GMM lies in incorporating autoregressive variables as well as countering autocorrelation and specification bias. Moreover, endogeneity issues are better tackled using internal variables in lagged form as instruments. The two-step system GMM estimation method is used to ensure that the estimators are asymptotically more efficient.
Here, Yit is the employment status; thereafter a second regression is run where Yit is the log of wages, xit is a vector of strictly exogenous covariates such as age, age2, African, Coloured, Indian, time dummy variables (wave 1 wave2 wave3), gender and the lags of other covariates such as household size and income, geo-type and education in years. Wit is a vector of predetermined covariates, which include the lag of employment status and endogenous covariates. These may be correlated with past and present errors, i.e. BMI. ∝ i are unobserved group-level effects and ν it is the observation-specific error term. The guidelines suggested by Roodman (2009) are adhered to; all dynamic GMM models are run using the xtabond2 command in Stata14.
Blinder-Oaxaca decomposition
This study isolates the discrimination component of the gap between obese and non-obese persons using the BlinderOaxaca approach. Oaxaca (1973) and Blinder (1973) introduced a decomposition procedure that enabled the attribution of the wage gap of two groups of people to labour market discrimination and differences in average characteristics between the groups, enabling researchers to identify the exact portion of wage gap that is not due to differences in average characteristics between the groups and thus attributable to discrimination between the groups (Kollamparambil and Razak 2016) .
Here Y is the dependent variable and x is a vector of regressors similar to those mentioned above, however with the inclusion of the first lag of the dependent variable.
The decomposition is calculated by subtracting the two equations, which yields:
From Eq. 10, β not obese (X not obese it − X obese ) is the "explained" portion (a) of the gap. It is the wage gap attributable to the differences in mean observable characteristics between non-obese and obese. (α i non − obese − α i obese ) + (β not obese − β obese )X obese is the "unexplained" portion (b + c), i.e. the differences in constant and coefficient estimates. This is the obesity disparity in wages that would still remain if obese persons had the average characteristics of non-obese persons, i.e. the discrimination/unequal treatment. The total gap between non-obese and obese persons is the sum of the explained portion and unexplained portion. The limitation of this approach is that this gap may also be a result of omitted variables/unobserved influences or measurement errors. Nevertheless, using the dynamic GMM regression with the autoregressive term is expected to minimise the bias.
This article estimates the discrimination using a probit model where the dependent variable is employment status and a tobit model where the dependent variable is the log of wages in the determination of the exogenously treated discrimination effect. These estimates of discrimination are then compared to the estimates of discrimination using the system GMM regressions that account for endogeneity.
Data analysis
This section initially looks at the descriptive statistics of the major variables included in the analysis. Following this multivariate regression the results and related discussions are presented. Table 2 shows that on average females tend to have a higher average BMI than males. Females in particular generally exhibit an upward trend in BMI over time. On average White individuals tend to have a larger BMI than individuals from other race groups and Coloured females seem to have the largest average BMI overall.
Descriptive statistics
It is evident from Table 3 that over time the age groups 20-24, 30-34 and 40-44 have had consistent increases in their BMI compared to the other age groups. One expects the majority of the labour force to lie within these age groups. A definite increase in all BMIs from Wave 1 to 4 is noticed except for older individuals in recent waves. Table 4 shows that the proportion of obese has been increasing over time. In Wave 1, 33.6% of the sample were obese, this increased to 45.1% in Wave 4. Additionally, the employment rate of obese persons has experienced mainly upward trends over time. This relation could be explained by the simultaneity mentioned above, i.e. that employment may cause obesity and underlines the need to take endogeneity into account in regression estimations.
Finally, the means of all variables used are shown in Table 5 . The average log of wages, BMI, education in years, age and average log of household income all show increasing trends overtime. On average, South Africans appear to rate themselves as being marginally healthier in more recent periods. The racial composition of the sample has been adjusted using the weight variables provided with NIDS. The use of the weights has improved the sample composition to more accurately reflect these proportions. Within these groups, the sample shows a declining proportion of males, from 57% in Wave1 to 52.2% in Wave 4. These estimates are on par with Statistics South Africa estimates (Statistics South Africa 2014). The average household size remains at around four individuals throughout the panel, while the proportion of married individuals decreased by around 3%. In recent periods, the proportion of individuals who are engaged in casual work has significantly decreased whereas the proportion of individuals who are employed has increased by 13% from Wave 1 to Wave 4.
Employment probability
Results from multivariate regressions show that BMI and BMI 2 are significant but of opposite signs, indicating the non-linear relationship between BMI and employment probability in all three estimations (Table 6 ). Marginal effects of OLS and logit regressions are very close indicating that a unit increase in BMI leads to a 3% and 2.8% increase in the probability of being employed up until a certain point. Increased BMI beyond the point leads to a 0.04% decrease in the probability of being employed based on both the models. Dynamic GMM analysis proves that the former relationship exhibited in the probit model still holds once endogeneity has been taken into account. The coefficient of BMI is positive whereas the coefficient of BMI 2 is negative indicating an inverted U-shaped relationship between BMI and employment probability. A unit increase in BMI leads to an increase in the probability of being employed by 5.7% up until a point where this relationship turns negative leading to a 0.1% decrease in probability of being employed. It is clear that although the significance level is now only at 10%, the level of impact has in fact increased upon considering endogeneity. Based on the system GMM estimation the optimal BMI identified for employment probability is 30. Data show that the proportion of individuals with BMIs over 30 increased with each subsequent wave of the survey. While the first wave (year 2008) had 19% with above 30 BMI, this rose to 24%, 25% and 29% in waves 2, 3 and 4 respectively (2010, 2012 and 2014) . This clearly points to the increasing problem of BMI in determining employment probability in South Africa.
Lagged employment status positively affects the probability of employment and is significant at the 1% level, indicating the relevance of an auto-regressive model. Years of education and being male positively impact employment probability. Casual is positive indicating that casual employment contributes to the probability of being employed albeit only at 10% level of significance. The validity of the instruments is implied by the highly insignificant Hansen and Difference test p-values.
Wages
Results from the OLS, tobit and dynamic GMM models (Table 7) are consistent across models in highlighting the inverted U-shaped non-linear relationship between BMI and wages. The Hansen and difference-in-Hansen tests were insignificant in the GMM estimation, supporting the validity of the instruments used in the estimation. While initial increases in BMI contribute to higher wages, this relationship turns negative at higher levels of BMI. Comparing the two linear estimates, it may be highlighted that the coefficient of BMI from the dynamic GMM that takes endogeneity into account is higher than the OLS estimates, indicating that the impact of BMI is underestimated while ignoring endogeneity. However, just as in the case of employment probability, taking endogeneity into account in wage level estimations makes the results statistically significant only at 10%. According to the system GMM results, a one unit increase in BMI leads to a 31% increase in wage levels initially; however beyond the optimal BMI the wage levels decrease by 0.6% for every unit increase in BMI. This is higher than the tobit estimates of 26% and −0.4% for BMI and BMI 2 respectively. Based on the system GMM estimation the optimal BMI identified for wages is 27. Data show that the proportion of individuals with BMIs over 27 increased with each subsequent wave of the survey. While the first wave (year 2008) had 32% with above 30 BMI, this rose to 39%, 41% and 44% in waves 2, 3 and 4 (2010, 2012 and 2014) . This clearly points to the increasing problem of BMI in wage determination. The dynamic GMM results further indicate that middleaged, unmarried individuals, males, individuals from higher household incomes, individuals with more years of education and residents of urban areas are seen to earn higher wages. Households that are larger in size and individuals who rate themselves as less healthy tend to earn a lower wage. The insignificance of the race variables is indeed surprising given the race-based income inequality in South Africa. The results relating to race variables hence cannot be considered to be reflective of the income distribution in South Africa. The attrition rate in the NIDS sample and the skewed sample across race may be considered to be the reason behind this. Although panel weights were used to correct for the sample bias, it is evident that measurement errors and selection bias continue. According to Lechtenfeld and Zoch (2014) , self-reported income in the NIDS survey data is shown to suffer from meanreverting measurement bias, leading to sizable overestimations of income convergence in the panel data set.
Having established the non-linear relationship between BMI and employment probability/wages we next turn to quantifying the obesity-related discrimination. This warrants the need for the Blinder-Oaxaca decomposition to investigate the discrimination against obese individuals.
Results: Blinder-Oaxaca approach to measuring discrimination Overall discrimination Table 8 shows the decomposition of employment-statusdiscrimination between obese and non-obese persons using the regressions shown in appendix B. The analysis indicates Source: Authors' own estimation coefficients account for 77.3% of the gap, meaning that the probability of employment when non-obese coefficients are applied to obese will increase by 2.5%. The simultaneous effect of differences in endowments and coefficients are negative. The sum of the latter two components is attributable to the discrimination. Thus, the discrimination that obese individuals face in the labour market without taking endogeneity into account is −26.5% of the employment status gap. This shows that obese persons are generally preferred to non-obese. When endogeneity is taken into account the Oaxaca decomposition results show that if obese individuals had the same characteristics as non-obese individuals the probability of an obese person becoming employed would increase on average by 9%. The differences in coefficients account for −322% of the gap. The total discrimination faced by obese persons in the probability of being employed as measured by the unexplained portion is 90%. The wage gap that shows the discrimination effects of employed individuals is shown in Table 9 . Treating the relationship as exogenous yields discrimination of around 27.59%. The explained portion of the wage gap accounts for 72.4%. This is less than the explained portion of the employment status gap. The differences in coefficients account for 47.18%, indicating that the change in the log of wages when non-obese coefficients are applied to obese individuals will increase by 0.09. The simultaneous effect of differences in endowments and coefficients is negative. The Oaxaca decomposition when endogeneity is taken into account indicates that if obese individuals had the same characteristics as non-obese individuals the log of wages of an obese person would decrease on average by 0.2. The differences in coefficients account for negative 119%, indicating that the change in the log of wages when non-obese coefficients are applied to obese individuals will decrease by 0.3. This effect is much larger than that of the exogenous decomposition. Once individuals are employed the wage gap between obese and non-obese due to discrimination accounts for 186%.
It is clear that endogeneity biased discrimination downwards and needs to taken into account in estimating discrimination. Our results show that once individuals are employed, discrimination of obese individuals is almost seven times larger and fully accounts for the wage gap when endogeneity is taken into account. Additionally, obese persons face more than double the discrimination once they are employed rather than when determining their employment status. In other words, the wages of obese persons are more discriminated against by their obesity status rather than whether they will be employed or not. Due to the dominant female composition of the obese group, further discrimination is calculated within gender. The following results show the gender discrimination between non-obese and obese.
Discrimination of obese persons by gender
Having established the need to take endogeniety into account, all gender-related Blinder-Oaxaca decompositions are determined using system GMM regressions that take endogeneity into account. The calculations underlying the decomposition can be found in Appendix C. Table 10 shows that the differences in coefficients fully account for the employment-status gap. The total discrimination faced by obese females in the probability of being employed is 109%. On the other hand, 284% of the employment status gap is explained for males whereas the total unexplained portion due to discrimination that obese males face is negative 184%. Therefore, obesity matters for females but not for males in the determination of employment status. These results are on par with expectations formed by the literature review.
Among employed individuals, the discrimination that females experience is still higher than that of males (Table 11 ). If obese females had the same characteristics as non-obese females the log of their wages would decrease by 0.07; the explained portion of the gap accounts for 27%. The Source: Author's own calculations unexplained portion due to discrimination accounts for 73% of the wage gap. It is shown that if obese males had the same characteristics as non-obese males the log of their wages would decrease by 0.2; this is a larger negative effect than that for females. The total explained portion accounts for 65% of the wag gap between obese and non-obese males. The magnitude of the gap is 35%, attributable to discrimination between non-obese and obese males, half of the discrimination faced by females. These findings correspond to those of Dackleburg et al. 2014 . Thus, obese males face negative discrimination in whether they enter the labour market or not, whereas obese females face positive and greater discrimination. However, once individuals are employed, obese females have double the discrimination that obese males face in the determination of wages.
Conclusions
In summary, the relationship between BMI and employment probability/wages is seen to be non-linear with increases in BMI leading to an increase in the probability of employment and wages up until a threshold beyond which this relationship becomes negative. These results are consistent across models that do not take endogeneity into account and those that do. However the relationship is seen to be stronger in estimations that have accounted for endogeneity.
The main contribution of this article is to identify the optimal level of BMI in the South African context for employment probability and wage determination. Based on the system GMM estimation the optimal BMI for employment probability and wage determination is identified as 30 and 27 respectively. Data show that the proportion of individuals over these BMI thresholds increased with each subsequent wave of the survey. In the last wave, over 29% had a BMI above 30, and over 44% had a BMI over 27. This clearly points to the increasing problem of BMI in determining employment probability and wage determination.
The article further goes on to quantify the extent of discrimination taking into account ethnicity-based obesity thresholds. Although the relationship between BMI and the labour market outcomes yields consistent estimates between exogenous and endogenous results, exogenous models seem to underestimate obesity-related discrimination. Blinder-Oaxaca estimates that take endogeneity into account have shown that 90% of the gap in employment status is accounted for by obesity-related discrimination. With regard to wages, obesity leads to a discrimination of 186%. When disaggregating this discrimination further by gender, it was found that obese females face discrimination of 109% in entering the labour market compared to a negative discrimination of −184% for obese males. In determining wages, employed obese females face discrimination of around 73% whereas the discrimination endured by employed obese males is half of this, at 35%. Our findings thus reiterate that obesity-related discrimination exists, is predominantly faced by obese South African women entering the workplace and continues in their wage determination.
The study findings support the need for policy interventions to reduce obesity in South Africa bearing in mind not just its health-related costs but also its labour market implications. Further worrying is the endogenous effect whereby the unemployed and those who are engaged in low wage earning employment are likely to be consuming low-cost carbohydrate-based food with high sugar content, which is further likely to add to the obesity problem creating a vicious cycle of lower labour market opportunities and obesity. The study brings out the need for raising public awareness surrounding these issues and encouraging healthy consumption habits. Subsidising healthy food for the poor through taxation of sugar-based food may be considered policy intervention.
Further labour market policy interventions need to be informed by whether the observed discrimination is due to employer prejudice-perhaps through qualitative studies on employer preferences-or due to the decrease in productivity as a result of the disease. Further research breaking down discrimination by various professions/sectors across various ethnicities is required. The need for this research is imperative to understanding this form of social discrimination and finding solutions that induce a healthier labour force and more equitable labour market outcomes.
